Abstract-This paper presents a method for characterising the primary dynamics of a rotary unmanned aerial vehicle. Based on first principles and basic aerodynamics, a mathematical model which explains the rigid body dynamics of a model-scale helicopter is developed. The resulting model is reduced to three simplified decoupled model of attitude dynamics. Empirical test data is collected from a field experiment with significant wind disturbances. An integral based parameter identification method is presented to identify the unknown intrinsic helicopter parameters. An extended Kalman filter system identification method and common nonlinear regression are used for comparison. The EKF was found to be highly dependent on the initial states, so is not suitable for this application which contains significant disturbance and modelling errors. The proposed integral based parameter identification method was shown to be fast and accurate and is well suited to this application.
I. INTRODUCTION
There has been significant research interest in designing small-scale helicopters, mainly due to their agility and maneuverability. However, the complicated nonlinear dynamics of a scaled-model helicopter make the modeling and control design a challenging task. Early research on the identification scheme and control design for a model-scaled helicopter are based on linearized dynamics [1] of the helicopter using the concept of stability derivatives. Flight dynamics modelling are typically broken into operating regions such as hovering or forward flight. The model is valid within a certain frequency range, where good linear correlation between angular rate and cyclic inputs is found [2] . A few papers [3] [4] [5] directly identified the nonlinear model dynamics using state-space identification method and EKF. However, they often require good initial estimates of states which may not always be available.
First principles modelling typically produces a nonlinear dynamic model and an extended flight envelope, which provides the capability of extracting linear models at various trim operating points [6] . The main drawback of this approach is that extensive knowledge of helicopter dynamics is required. Furthermore significant experimentation and tuning is needed to accurately determine the underlying physical parameters. System identification [7] can be combined with first principles modeling to identify the unknown or uncertain physical parameters. Typical approaches of system identification in time-domain are the prediction error method (PEM) [8] , maximum likelihood method [9] , equation error method and output error method [10] . However, these method are usually very time consuming, sensitive to starting point and with no guarantee of global optimality [11] .
In this paper, a simplified model for pitch, roll and yaw dynamics is derived from a complex nonlinear model. It was found that a fully decoupled model in pitch, roll and yaw was able to capture data equally well compared to a more complex model with state coupling. Even though the complex model is theoretically more accurate, the significant wind disturbance and other unknown dynamics dominate, thus the simplified model is much more suitable given significantly less computational requirement and its ease of analysis. In addition, a major advantage of simpler model is the potential for real time implementation. Hence, this paper focuses on a fast practical approach for capturing the observed dynamics when a model-scaled helicopter is flown outdoors in a windy environment.
An integral based parameter identification method [12] [13] [14] is extended to account for significant disturbance and modeling error. In addition, iterative integral method is presented to identify the time-varying system dynamics. For comparison, the accuracy of this method is compared to the Extended Kalman Filter (EKF) method.
The paper is organized as follows: In Section II, the experimental set up and data acquisition are described. In Section III, the model-scaled helicopter attitude dynamics model structure is presented. Section IV describes the integralbased parameter identification method and Section V shows the Extended Kalman Filter parameter estimation method. The simulation results are given in Section VI and the conclusion is presented in Section VII.
II. EXPERIMENTAL SETUP
Flight test data are necessary for obtaining the system dynamic and facilitate the parameters identification. Specific maneuvers were designed to expose input-output responses of the helicopter. In the experiment, a varying frequency sweep input signal of approximately 5Hz was used to excite the effect of input output relation and input coupling effect. The helicopter was piloted to perform hovering, lateral and longitudinal flight motion. The input-output data was then recorded at a sampling rate of 100Hz and passed through a low pass filter which has cut-off frequency at 15Hz to remove undesired information such as structural vibrations. Data logging was implemented through an onboard embedded controller. The controller is the central processing unit that interfaces with an Inertial Measurement Unit (IMU) from MicroStrain 3DGX1 to log the helicopter attitude information. Four cyclic inputs were also recorded and logged in controller. The attitude data collected from the sensor during flight was stored into memory card and then transferred to a PC workstation for analysis after landing. Trex 600 ESP remote control (RC) helicopter is a model helicopter chosen as the platform for carrying out the data measurement on real flight. It is equipped with Bell-Hiller stabilizer bar and has a twobladed rotor of 0.6m radius. The dry weight is 3.3kg.
III. MODEL STRUCTURE
For modeling a model-scale helicopter, a standard six degree of freedom (DOF) model is used. The standard equation describing angular velocity in the body frame is defined:
where [ ] 
is the fuselage inertial matrix in body coordinates. Due to the symmetry of the helicopter with respect to the B B
x z − plane, terms xy I and yz I are zero. Although xz I is non-zero, but the value is typically much smaller than the other terms, thus it will be ignore in our model.
Model helicopter usually has hingeless rotor hub and rigid rotor blade, which enhance the response of the helicopter to the control input and the helicopter become very unstable. Thus, stabilizer bar is built in to improve the stability. This paper follow the derivation of stabilizer bar dynamics in [15] , where the moment M φ and M θ .are defined as:
where 3 4 , α α is a correction factor to compensate for simplified aerodynamics, 1,2,3,4, L are the linkage lengths in rotor hub assembly, ρ is the air density, Ω is the main rotor angular velocity, l is the position along the main rotor blade, and a is the main rotor lift slope, c is the main blade chord length and m dL is the main rotor aerodynamics lift element.
Equation (3) indicates that the pitch and roll moments depend on the pitch and roll input command through cyc δ as well as on the stabilizer bar flapping angle β . The last term in (4) is due to the gyroscopic effect of the rotating blade, which is the ratio between the second element of the angular velocity vector of main rotor blade 2 M ω and main rotor rotational speed [16] . The stabilizer bar flapping angle is derived from NewtonEuler equation of motion and angular velocity of stabilizer bar yield. After substituting the stabilizer bar flapping angle into, the equations for the moments , M M φ θ can be written in the form: 3 
where 1 2 3 , , C C C are terms from the stabilizer bar flapping angle. The 1 C term augments the cyclic input of main rotor and 2 C term increases the damping moment in the helicopter attitude dynamics, which gives control booster to the actuator servo and stabilizing effect to the helicopter respectively. The moment M ψ around the z-axis is defined by:
where T T is the tail rotor thrust, T L is the length between the main and tail rotor axes, g K is the gyro gain for tail rotor, r is the helicopter heading rate, m τ is the main rotor induced yaw moment in the opposite direction to the tail rotor thrust, defined by:
where m K is the main rotor torque gain, o δ is the collective pitch cyclic input. The second term in Equation (8) is due to the active yaw damping system in the form of electronic gyro and is described by a simple linear model.
A. Overall attitude dynamics
To simplify dynamics, denoting (5) and (7). Solving (1) will yield the roll model:
where, 
The parameters 1 k and 2 k in (11) are considered as the roll torque constant of main rotor blade angle and the overall effective roll damping respectively. For this model, the parameter ,1 d k is added as constant external torque offset modelling asymmetry in the roll.
Similarly, the pitch and yaw rate models are defined: 
, 2 ,3 torque offset in pitch, torque offset in yaws
The servo actuator dynamics are an important subsystem that will affect the overall helicopter dynamics. The servo actuator possesses time delay response to control input. The time delay s e τ − is approximated using well known Pade approximation in the form of rational function. The time delay value is chosen based on finding the optimal correlation between the commanded angle and the measured roll response. Ideally, the measured angle would be used; however this measurement was not available in the experiment.
IV. INTEGRAL BASED PARAMETER IDENTIFICATION ON ROLL

DYNAMICS
To identify the unknown parameters in (11), an integralbased parameter identification method based on [14] is formulated. For this derivation, it is assumed that the unknown parameter 
gives a set of N equations in 5 unknown parameters, which is defined by the matrix equation: 
is the unknown parameters to be estimated, input variables 5 , 1,.., , , , and d k k k k k . Due to modelling error and disturbance, these resulting parameters may not be optimal after this first iteration. For the next iteration, define:
.
Equation (24) is then substituted back into (22) and solved for new set of unknown parameter. This process is continued until the best least square error between the estimated roll rate and the measured data changes less than a specified tolerance.
V. EKF IDENTIFICATION METHOD
The Extended Kalman filter (EKF) is used to estimate states and unknown parameters. It requires a measured output, a known input and system model, and the assumed process and measurement noise statistics. The goal is to characterize the ability of an EKF to identify the unknown parameters of (11). To simplify derivation, the parameters 1 4 and k k in (11) are assumed zero and discretized using a simple Euler integration scheme, with sample time 22ms s T = , corresponding to the data logging frequency of 45Hz. The discrete model is defined as:
where subscript k is the discrete time index and
In the time interval 1 [ , ] k k t t + , the input k u is assumed constant, k w is the state noise process due to disturbance and modelling error, and is assumed to be zero-mean, white Gaussian noise with variance Q . The unknown parameters 1 2 , and d k k k in (25) are estimated by treating the parameters as state variables, which renders the estimation problem effectively nonlinear [17] . The unknown parameter vector is defined by:
The constant system parameter Θ is considered as the output of an auxiliary dynamic system: 0. Θ = (27) Thus, the augmented state vector is defined by:
The augmented state equation is represented by:
Since the only roll rate is considered, the observation equation is:
where k v is zero-mean white Gaussian noise with variance R corresponds to measurement error. The augmented observation equation is:
[ ]
The EKF approximates the nonlinear filtering problem by linearizing the model of (29) at each time step around the last best estimate of the nonlinear process
where:
The second highest order term is very small and hence ignored. The discrete time state transition matrix of (34) Extrapolation:
Update:
VI. RESULTS AND DISCUSSION
A. Integral-based attitude dynamics parameters identification
Measured roll rate data is smoothed by applying 3 point-moving average several times. This is to reduce the sensor noise due to large amount of vibration from the airframe to the sensor and thus allow more suitable comparison to the model. The roll model of (11) (11) and numerically simulated using ode45 in Matlab. Fig. 2 gives a close up of two regions in Fig. 1 which shows a good overall match. A similar approach is now applied to the pitch rate and yaw rate data with coupling terms set to zero, the resulting parameters are: 6 7 , 2
1.1262 , 3.2996 , 0.0249 
The mean absolute error and the 90 th percentile of the attitude rate in degrees/s are given in Table I . The error of the attitude rate relative to the maximum absolute attitude rate is also shown. Note that yaw rate has significantly larger errors than the roll rate and pitch rate, but this increased error is due to the much higher yaw rate observed and it has lower relative percentage error. As a further comparison, the complete attitude models of (11), (14) and (15) are used for system identification. However, all the coupling states in the equation are substituted by measured data. The results are shown in Table II . Even though the models used are potentially more accurate than the simplified model that has no coupling terms, a slightly worse prediction is obtained. Note that in this method the intrinsic parameters are identified over a very large time scale compared to the time scale of disturbances. Hence, the process of identifying the intrinsic parameters is essentially decoupled from the specific disturbance. 
B. EKF identification method
First, simplified roll dynamics model with 1 4 0, 0 k k = = is studied. A priori knowledge on the model parameters were initially obtained based on the integral method result so that the initial state covariance could be set to a low value. Specifically, the values used were: 
The noise statistics were determined empirically using a grid search on a wide range of possibilities to find the best match between the simulated roll rate and measured roll rate. This approach ensures that a global optimum value was found. The resulting error in the simulation roll rate is shown in Table III . The results show that with optimal estimate (case 3(a)) on state covariance, initial parameters and noise statistics, the EKF can estimate the roll rate satisfactorily. However, the computation time required to obtain this estimate was 2.5178s for 308s of roll rate data, which is ~30 times slower than the integral method. In addition, the error is nearly 2 times greater than the integral method. Hence for the EKF method, even in the best case where optimal noise statistics are known, there is still a trade-off between an increase in speed and a loss of accuracy. The integral method does not have this problem.
A further difficulty with the EKF identification method is that it can be very dependent on the process noise covariance matrix c Q and the initial states [18] . To illustrate this sensitivity, three main cases are considered as shown in m . The value of Q is essentially equivalent to the amount of modeling error which is highly dependent on the wind conditions on the day and other helicopter dynamics which are highly variable. Thus, to ensure a globally optimal value of Q is chosen, there will always be some simulations of the numerical solver ode45 required which would significantly further slow down the computation. The results obtained were compared to error statistic of Table IV resulted from using the complete model of (11) . The results show that the error statistics are not improved compared to Table III. In case 1(a) and 3(a), even though the EKF roll rate estimation show a good match to the measured data as shown in Fig. 3 , the estimated parameters lead to an unstable roll rate estimation. 
VII. CONCLUSION
A minimal modeling approach is presented, where integral based and EKF based methods were used for parameters identification. For the EKF method, the state estimation process accounts for the system disturbances via the process noise matrix Q . With poor estimates of Q , the method was very sensitive to the initial states. With optimal values of Q , the system disturbances were compensated to produce estimates of the model parameters that gave a reasonable match with the measured data. However, the estimated parameters are not guaranteed to converge to the true parameter value. In addition, the errors were nearly twice the errors of the integral method and non-linear regression method. The integral method had none of these issues and combined with its fast computation has been demonstrated to be very suitable for this application. The simplified model was found to be favorable than complex model since it has lower mean absolute error. 
